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The present disclosure introduces a method and an apparatus
for classitying images. Classification 1mage features of an
image for classification are extracted. Based on a similarity
relationship between each classification image feature and
one or more visual words 1n a pre-generated visual dictionary,
cach classification 1mage feature 1s quantified by multiple
visual words 1n the visual dictionary and a similarity coetfi-
cient between each classification 1image feature and each of
the visual words 1s determined. Based on the similarity coet-
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sample visual word histograms arising from multiple sample
images. An output result 1s used to determine a classification
of the 1image for classification.
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IMAGE CLASSIFICATION BASED ON
VISUAL WORDS

CROSS REFERENCE TO RELATED PATENT
APPLICATIONS

This application claims foreign priority to Chinese Patent
Application No. 201110412537.5 filed on 12 Dec. 2011,
entitled “Image Classification Method and Apparatus,” which
1s hereby incorporated by reference 1n 1ts entirety.

TECHNICAL FIELD

The present disclosure relates to the field of image process-
ing technology and, more specifically, to a method and an
apparatus for classifying images.

BACKGROUND

Image classification 1s an 1mage processing technology
that determines classifications based on different character-
istics reflected by different images and classifies the images.
With the explosion of images on the Internet, the e-commerce
field includes a large volume of image immformation. With
image classification, contrabands may be detected and the
same type of products may be recommended. Thus, 1mage
classification technology 1s becoming a study focus.

Existing 1image classification methods generally, based on
a pre-generated visual dictionary, represent an image for clas-
sification as a visual word for classification histogram, and
then determine a classification of the image for classification
by an 1image classifier that 1s generated based on pre-training.
The visual dictionary includes different visual words. Each
visual word represents a classification that 1s obtained
through clustering of training image features extracted from a
large volume of training 1images. The histogram of the visual
word for classification 1s a dataset formed by multiple data
and 1s represented by a vector. Each data maps onto a corre-
sponding visual word. Each data value 1s equal to a weight of
the corresponding visual word. The weight represents a simi-
larity degree between a respective image for classification
and the classification represented by the corresponding visual
word. The image classifier 1s generated through training by a
machine-learning algorithm based on visual word histograms
corresponding to each traiming image. A respective visual
word histogram corresponding to a respective training image
1s also formed 1n a same method by representing the image for
classification as the histogram of the visual word for classi-
fication.

The process to represent the image for classification as the
histogram of the visual word for classification 1s as follows.
Based on a respective image feature of the image for classi-
fication, a visual word in the visual dictionary that 1s closestto
the respective image feature 1s determined and the respective
image feature 1s quantified as such visual word. Each time the
visual word 1n the visual dictionary 1s used for quantification,
its corresponding weight 1s increased by 1. When all respec-
tive image features are quantified by visual words, the weight
ol each visual word 1s also determined to establish the histo-
gram o1 the visual word for classification. For example, the
visual dictionary may be represented as B={b1, b2, b3}, the
extracted 1mage features may include X1 and X2, and the
corresponding visual word histogram may be represented as
C={cl, c2, c3}, where initial values of c1, ¢2, and ¢3 are O.
When X1 1s determined to be closest to visual word b1, the
value of corresponding c1 1s increased by 1. If X2 1s also
determined to be closest to visual word bl, the value of
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corresponding c1 1s also increased by 1. Accordingly, the final
established histogram of the visual word for classification

corresponding to the image for classification 1s represented as
12,0, 0}.

As shown above, the process to establish the histogram of
the visual word for classification 1s to quantity each feature of
the 1mage for classification as a visual word. In real applica-
tions, the visual word obtained through quantification may
not accurately represent the feature of the 1mage to be classi-
fied. In addition, quantification error may easily arise when
there 1s an 1mage distortion. For example, the image feature
X1 may be closest to b2, under the current method, the 1image
feature X1, however, may be still quantified by the visual
word b1l. Thus, the established visual word histogram may not
be accurate and have errors, which leads to an inaccurate
image classification.

SUMMARY

This Summary 1s provided to introduce a selection of con-
cepts 1n a simplified form that are turther described below 1n
the Detailed Description. This Summary 1s not intended to
identify all key features or essential features of the claimed
subject matter, nor 1s 1t intended to be used alone as an aid 1n
determining the scope of the claimed subject matter. The term
“techniques,” for instance, may refer to device(s), system(s),
method(s) and/or computer-readable 1nstructions as permit-
ted by the context above and throughout the present disclo-
sure.

The present disclosure provides a method for classiiying
images and an apparatus for classifying images that may be
used to implement the method for classifying images.

The present disclosure provides the method for classiiying
images. Classification image features ol an image for classi-
fication are extracted. Based on a similarity relationship
between each classification 1image feature and one or more
visual words 1n a pre-generated visual dictionary, each clas-
sification image feature 1s quantified by multiple visual words
in the visual dictionary and a similarity coellicient between
cach classification image feature and each of the visual words
1s determined. Based on the similarity coefficient of each
visual word that corresponds to different classification image
features, a weight of each visual word 1s determined to estab-
lish a classification visual word histogram of the image for
classification. The classification visual word histogram 1s
input 1nto an 1image classifier that 1s trained by sample visual
word histograms arising from multiple sample 1mages. An
output result 1s used to determine a classification of the image
for classification.

There are different techniques that each classification
image feature 1s quantified by multiple visual words 1n the
visual dictionary and the similarity coellicient between each
classification image feature and each of the visual words 1s
determined. For example, based on the similarity relationship
between each classification image feature and the one or more
visual words 1n the pre-generated visual dictionary, through a
sparse coding method, a sparse coding model between the
classification image feature and the pre-generated visual dic-
tionary 1s established. The sparse coding model may be used
to quantily each classification image feature by multiple
visual words 1n the visual dictionary and obtain the similarity
coellicient between each classification 1image feature and the
visual words after quantification.

For 1nstance, an example sparse coding model may be as
follows:

arg""E iy X BC+MIC |
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where, B represents the visual dictionary, X, represents a
respective classification image teature. C, represents a dataset
formed by coellicients between the respective classification
image feature and each visual word. N represents a number of
classification 1image features. 1=1, 2, . . ., N, where N may be
any integer. A represents a constraining coefficient. ||C ||, rep-
resents a sum of all elements 1n C.. The sparse coding model
1s used to calculate a value of C, when the model has a
mimmum value.

For another example, based on the similarity relationship
between each classification 1mage feature and the wvisual
words 1n the pre-generated visual dictionary, a Euclidean
distance between each classification image feature and each
visual word 1s calculated. With respect to each classification
image feature, one or more visual words of which Euclidean
distances are within a preset times range of a smallest Euclid-
can distance are determined as the visual words of the respec-
tive classification image feature after quantification. Based on
the Euclidean distance between the respective classification
image feature and each of the visual words after quantifica-
tion, the coellicient between the respective classification
image feature and the visual words after the quantification 1s
calculated.

There are different techniques that a weight of each visual
word 1s determined to establish a classification visual word
histogram of the image for classification. For example, the
coellicients of the respective visual word that correspond to
different classification image features may be added to cal-
culate the weight of the respective visual word to establish the
classification visual word histogram.

For another example, the image for classification may be
divided into multiple child images based on a pyramid image
algorithm. Classification image features of each child image
are determined. The coellicients of a respective visual word
that correspond to each classification image features 1n a child
image may be added to calculate the weight of the respective
visual word corresponding to the child image to establish a
chuld classification visual word histogram of the child image.
Based on each child classification visual word histogram of
cach child image, the classification visual word histogram of
the 1mage for classification 1s established.

There are different techniques to divide the image for clas-
sification into the multiple child images based on the pyramid
image algorithm. For example, the image for classification
may be divided into multiple layer images based on the pyra-
mid 1mage algorithm. Fach layer image 1s divided to form
multiple child images.

There are different techniques for generation of the pre-
generated visual dictionary. For example, the pre-generated
visual dictionary may be generated through clustering of
multiple sample i1mage features extracted from multiple
sample 1images.

The present disclosure also provides an apparatus for clas-
sifying 1mages. The apparatus for classilying images may
include a feature extraction module, a quantification determi-
nation module, an establishment module, and a classification
module.

The feature extraction module extracts classification image
features of an 1mage for classification. The quantification
determination module, based on a similarity relationship
between each classification 1image feature and one or more
visual words 1n a pre-generated visual dictionary, quantifies
cach classification image feature by multiple visual words 1n
the visual dictionary and determines a similarity coetlicient
between each classification 1mage feature and each of the
visual words after the quantification. The establishment mod-
ule, based on the similarity coetficient of each visual word
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that corresponds to different classification image features,
determines a weight of each visual word to establish a clas-
sification visual word histogram of the image for classifica-
tion. The classification module inputs the classification visual
word histogram into an 1mage classifier that 1s trained by
sample visual word histograms arising from multiple sample
images and determines a classification of the image for clas-
sification based on an output result.

The quantification determination module may include dif-
ferent components 1n different embodiments. For example,
the quantification determination module may imclude a model
construction module and a quantification calculation module.
The model construction module, based on the similarity rela-
tionship between each classification 1mage feature and the
one or more visual words 1n the pre-generated visual dictio-
nary, through a sparse coding method, establishes a sparse
coding module between the classification image feature and
the pre-generated visual dictionary. The quantification calcu-
lation module uses the sparse coding model to quantify each
classification image feature into multiple visual words 1n the
visual dictionary and obtain the similarity coelficient
between each classification 1mage feature and the wvisual
words after quantification.

For instance, the sparse coding model may be as follows:

arg""E iy X~ BC+MIC |

Where, B represents the visual dictionary, X1 represents a
respective classification image feature, Ci represents a dataset
formed by coellicients between the respective classification
image feature and each visual word, N represents a number of
classification image features. 1=1, 2, . . . , N, where N may be
any integer, and A represents a constraining coefficient. ||C)|,:
represents a sum of all elements in C,. The sparse coding
model 1s used to calculate a value of C1 when the model has a
minimum value.

For another example, the quantification determination
module may also include a first calculation module, a quan-
tification module, and a second calculation module. The first
calculation module, based on the similarity relationship
between each classification 1mage feature and the visual
words 1n the pre-generated visual dictionary, calculates a
Euclidean distance between each classification image feature
and each wvisual word. The quantification module, with
respect to each classification image feature, determines one or
more visual words of which Fuclidean distances are within a
preset times range of a smallest Euclidean distance as the
visual words of the respective classification image feature
alter quantification. The second calculation module, based on
the Euclidean distance between the respective classification
image feature and each of the visual words after quantifica-
tion, calculates the coelficient between the respective classi-
fication 1mage feature and the visual words after the quanti-
fication.

There are different examples of the establishment module.
For example, the establishment module may add the coefti-
cients of the respective visual word that correspond to differ-
ent classification 1mage features to calculate the weight of the
respective visual word to establish the classification visual
word histogram.

For another example, the establishment module may
include a division module, a first establishment module, and
a second establishment module. The division module divides
the 1mage for classification into multiple child images based
on a pyramid image algorithm. The first establishment mod-
ule determines classification image features of each child
image, adds the coellicients of a respective visual word that
correspond to each classification 1image features in a child
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image, and calculates the weight of the respective visual word
corresponding to the child image to establish a child classifi-
cation visual word histogram of the child image. The second
establishment module, based on each child classification
visual word histogram of each child image, establishes the
classification visual word histogram of the image for classi-
fication.

The division module may include different components in
different embodiments. For example, the division module
may include an 1mage layer division module and a child
image division module. The image layer division module
divides the image for classification into multiple layer images
based on the pyramid image algorithm. The child image divi-
sion module divides each layer image into multiple child
1mages.

There are different techniques for generation of the pre-
generated visual dictionary. For example, the pre-generated
visual dictionary may be generated through clustering of
multiple sample 1mage features extracted from multiple
sample 1images.

The present techniques quantily the classification 1image
features of the image for classification mto multiple visual
words, determine the coefficients of the determined classifi-
cation 1mage features and the visual words after quantifica-
tion, and establish the classification visual word histogram
based on the coellicients. The classification 1mage features
are quantified by multiple visual words and the similarity
coellicients represents similarity degrees between the classi-
fication 1image feature and the visual words after quantifica-
tion. On one hand the established visual word histogram may
more accurately represent the image for classification. On the
other hand, even 1f the 1mage has distortions, as the image
feature 1s not limited to be quantified as one visual word and
may be quantified as multiple visual words, the classification
error arising from quantification error may be reduced and the
accuracy ol 1image classification may be improved.

[

BRIEF DESCRIPTION OF THE DRAWINGS

To better 1llustrate embodiments of the present disclosure,
the following 1s a brief introduction of figures to be used in
descriptions of the embodiments. It 1s apparent that the fol-
lowing figures only relate to some embodiments of the
present disclosure and shall not be used to restrict the present
disclosure. A person of ordinary skill in the art can obtain
other figures according to the figures in the present disclosure
without creative eflforts.

FIG. 1 illustrates a flowchart of an example method for
classifying images in accordance with a first example
embodiment of the present disclosure.

FI1G. 2 1llustrates a flowchart of another example method
for classiiying images in accordance with a second example
embodiment of the present disclosure.

FIG. 3 illustrates a flowchart of another example method
for classiiying image in accordance with a third example
embodiment of the present disclosure.

FI1G. 4 1llustrates a flowchart of another example method
for classitying images in accordance with a fourth example
embodiment of the present disclosure.

FI1G. 5 illustrates a diagram of a first example apparatus for
classilying images.

FI1G. 6 illustrates a diagram of a second example apparatus
for classifying images.

FI1G. 7 illustrates a diagram of a third example apparatus for
classitying images.
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FIG. 8 1llustrates a diagram of a fourth example apparatus
for classifying images.

DETAILED DESCRIPTION

The present disclosure provides a method and an apparatus
for searching and classiiying images. The present techniques
may improve the utilization rate of server resources. The
present techniques may be applied in the process of 1image
searching and be implemented either as a method or an appa-

ratus. The following 1s a detailed description of the present
techniques by reference to the FIGURES. The described
embodiments herein are example embodiments and should
not be used to restrict the scope of the present disclosure.

The present techniques may be described 1n a context of
computer-executable instructions performed by computers,
such as program modules. Generally, the program modules
include 1nstances, programs, objects, components, and data
structures that implement specific tasks or realize specific
abstract data types. The present techniques may also be
implemented 1n a distribution computing environment. In the
distribution computing environment, remote devices con-
nected by communication networks are used to implement
tasks. In the distribution computing environment, the pro-
gram modules may be stored on local and remote computer
storage media including storage devices.

In one example embodiment of the present disclosure,
classification image features of an 1mage for classification are
extracted. Each classification image feature 1s quantified by
multiple visual words 1n a pre-generated visual dictionary.
Similarity coellicients between the classification 1image fea-
tures and the visual words after quantification are determined.
Based on the similarity coelficients of each visual word cor-
responding to different classification image features, the
weilght of the visual word 1s determined to establish the clas-
sification visual word histogram. The classification visual
word histogram 1s input into an image classifier that 1s traimned
by sample visual word histograms arising from multiple
sample 1images. An output result 1s used to determine a clas-
sification of the image for classification. Thus, the image
classification 1s implemented. Each classification image fea-
ture may be quantified by multiple visual words and repre-
sented by multiple visual words, thereby improving the accu-
racy of representing classification 1image features by visual
words. Thus, the established classification visual word histo-
gram may accurately represent the image for classification
and the accuracy of image classification 1s improved. In addi-
tion, as multiple visual words are used to represent the clas-
sification 1image features, the classification error arising from
quantification error may be reduced and the accuracy of
image classification may be improved.

FIG. 1 1illustrates a flowchart of an example method for
classitying 1mages 1n accordance with a first example
embodiment of the present disclosure. At 102, one or more
classification image features from an 1mage for classification
are extracted. When there 1s a need to classily images, images
for classification are used as mnputs and the classification
image features are extracted from each image for classifica-
tion. For example, the classification image features may be
image regional features such as scale-invariant feature trans-
form (SIFT) features extracted by a SIFT algorithm. The
SIFT {features have scale, rotation invariance, viewpoint
change, ailine change, and noises that also maintain certain
extent of stability. For another example, the present tech-
niques may use other algorithms to extract the image regional

-

features with different characteristics, such as HAAR {fea-
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tures, HOG {features, etc. The present disclosure does not
impose limitations on the extraction of the image regional
features.

In some applications, the 1image features may be repre-
sented 1n a form of a vector. For instance, five image features
may be extracted from an image and each image feature
represents a three-dimensional vector, such as (1, 1, 1), (2, 2,
2),(1,1,2),(@3,3,3), (2,1, 3). A number of extracted image
teatures may be relevant to vector dimensions of each feature
and specific feature extraction algorithm and 1mage size. For
an example of extraction of SIFT features, the vector dimen-
s1ons of the SIFT features usually have 128 dimensions. 500-
10000 128-dimensions image features may be extracted from
an 1mage with 800*600 resolutions.

At 104, based on a similarity relationship between each
classification 1mage feature and one or more visual words 1n
a pre-generated visual dictionary, each classification image
feature 1s quantified by multiple visual words 1n the visual
dictionary and a similarity coetlicient between each classifi-
cation image feature and each of the visual words after quan-
tification 1s determined. For example, the present techniques
may use a method for classitying images based on the visual
dictionary and represent the image for classification as a
visual word histogram. The visual dictionary may include
different visual words and each visual word represents a type
of features that 1s clustered through sample image features
extracted from a large volume of sample images. An example
operation may be as follows.

First, the sample 1image features are extracted from the
sample 1images. The sample images are sample 1images with
labeled classifications. The operations to extract features may
be same as or similar to the operations at 102.

Based on a preset number of visual words in the visual
dictionary, the extracted image features are clustered by a
clustering method. Values of the cluster center are the visual
words.

For example, there may be 10 sample images with labeled
classifications. The sample images may include multiple clas-
sifications, such as vehicles, landscapes, etc. If 100 features
are extracted from each image, totally 1,000 sample image
features are extracted. If the preset number of visual words 1n
the visual dictionary 1s 10, the clustering method 1s used to
cluster the 1,000 images to form the visual dictionary with 10
visual words. The 10 visual words may represent specific
classifications, such as tires, leaves, etc. The clustering 1s a
process to classity a set of physical or abstract objects nto
multiple classifications formed by similar objects. The clus-
tering centers are the visual words of the visual dictionary that
are calculated by the clustering method based on multiple
teatures. The clustering method, for example, may use the
K-means algorithm. Thus, each visual word 1s also a multiple-
dimension vector and its dimensions are the same as the
dimensions of the image features.

As both the 1image features and the visual words may be
represented by vectors, each classification image feature may
have the following similar relationship with the visual words
in the visual dictionary, which may be expressed 1n a linear
formula such as X =B*C..

X, represents a respective image feature, B represents the
visual dictionary, and C, represents a dataset composed of
coellicients between each classification 1mage feature and
cach visual word. The dataset formed by C, may be repre-
sented 1n a form of a vector and has a one-to-one mapping
relationship with the wvisual dictionary. For instance, the
visual dictionary may be represented by B={b1, b2, b3, b4},
its corresponding C={C,,, C,,, C,3, C,,}. Thus, X ~b1*C, +
b2*C,,+b3*C +b4*C .
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I1 the visual words corresponding to X1 after quantification
are b1, b3, and b4, and their respective coetficients with X,

1.e.,C,,, C,5, and C, 4, are 0.6, 0.3, 0.1. The combination of

similarity coelilicients between the respective classification
image feature and each visual word is represented as {0.6, 0,
0.3, 0.1}. The similarity coefficient represents a similar
degree between each classification 1mage feature and each
visual word. There are various methods for quantifying each
classification 1mage features by multiple visual words and
determining the similarity coelficients between the respective
classification 1image feature and the visual words after quan-
tification. Some example methods are described 1n detail
below.

At 106, based on the similarity coellicient of each visual
word that corresponds to different classification image fea-
tures, a weight of each visual word 1s determined to establish
a classification visual word histogram. From the operations at
104, with respect to each classification image feature, the
similarity coefficients with the visual words after quantifica-
tion may be calculated. That 1s, each visual word has corre-
sponding similarity coeltlicients with different classification
image features. Based on the coellicients of the visual word
that corresponds to different classification image features, the

weilght of the visual word 1s determined and the classification
visual word histogram of the image for classification may be
established.

There are various methods to determine the weight of the
visual word to establish the classification visual word histo-
gram. For example, all of the similarity coetlicients of a visual
word that corresponding to different classification image fea-
tures are added and the sum 1s used as the weight of the visual
word. A dataset 1s composed ol the weights of the visual
words and a multi-dimension vector 1s thus formed, which
may represent the classification visual word histogram of the
image for classification.

For instance, three classification image features such as
X1, X2, and X3 may be extracted from the image for classi-
fication. The visual dictionary may include 4 visual words
such as b1, b2, b3, and b4. The similarity coellicients between
the feature X1 and each visual word are {0.6,0,0.3,0.1}. The
similarity coeflicients between the feature X2 and each visual
word are {0.2, 0.4, 0.3, 0.1}. The similarity coefficients
between the feature X3 and each visual word are {0.2, 0.2,
0.3, 0.3}. That is, all similarity coefficients corresponding to
the visual word bl are 0.6, 0.2, and 0.2. Such similarity
coellicients are added up to obtain the weight of bl as 1. By
similar operations, the weight of the visual word b2 15 0.6, the
weilght of the visual word b3 1s 0.9, and the weight of the
visual word b4 15 0.5. As the classification visual word histo-
gram 1s the dataset composed of the weights of different
visual words. The finally established classification visual
word histogram is {1, 0.6, 0.9, 0.5}.

For another example, the image for classification is classi-
fied 1into multiple child images. The weight of visual words
corresponding to each child image in the visual dictionary 1s
firstly calculated to establish the child classification visual
word histograms of the child images. Then each child classi-
fication visual word histogram 1s combined to form the clas-
sification visual word histogram. Example operations are
described 1n detail below.

The numeric values of the similanty coellicients may be
used to represent the similar degrees between the classifica-
tion 1mage features and the various visual words. The simi-
larity coelficients may take the form of other types of values
as long as the percentage of the similarity coellicients remains
the same.
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At 108, the classification visual word histogram 1s input
into an 1mage classifier that 1s trained by sample visual word
histograms from multiple sample 1mages. An output result 1s
used to determine a classification of the 1mage for classifica-
tion.

The 1image classifier 1s a machine model that automatically
determines classifications of 1mages aiter machine-learning.
For example, the image classifier may be a vector-support
machine model, a decision tree model, etc. The pre-generated
image classifier 1s based on multiple sample 1mages, uses a
machine-learning algorithm, and generates a corresponding,
classification model to implement image classification.

The pre-generated image classifier 1s generated through
training based on sample visual word histograms established
based on a large volume of sample images. For example, the
operations to establish the sample visual word histograms
may be the same as the operations to establish the visual word
histogram of the image for classification to implement the
image classification. The following 1s an example generation
process of the image classifier.

At a first step, based on a similarity relationship between
cach sample 1image feature and visual words 1n a pre-gener-
ated visual dictionary, each sample 1mage feature 1s quanti-
fied by multiple visual words 1n the visual dictionary and a
similarity coellicient between each sample image feature and
cach of the visual words after quantification 1s determined. As
shown 1n 104, the visual dictionary 1s generated through
clustering sample 1image features extracted from a large vol-
ume of sample images. The image classifier 1s also generated
through training of the sample images.

Based on classifications of the selected sample images, the
image classifier 1s trained to include classifiers for different
types. For example, the sample images may 1include vehicles,
landscapes, and people. The finally generated image classifier
may be a three-type classifier to implement classifications of
the 1images 1nto a vehicle classification, a landscape classifi-
cation, and a people classification.

Each sample image feature 1s quantified by multiple visual
words and the coellicients between each sample 1image fea-
ture and the visual words after quantification 1s calculated.
For example, such operations are the same as the operations to
calculate the coeflicients between the classification 1image
teatures and the visual words.

At a second step, based on the similarity coellicient of each
visual word that corresponds to different sample 1image fea-
tures, a weight of each visual word 1s determined to establish
a sample visual word histogram.

At a thurd step, based on each sample visual word histo-
gram, a machine learning algorithm 1s used to generate the
image classifier through training.

After the sample visual word histogram for each sample
image 1s established, through the machine learning, the image
classifier 1s generated.

The classification visual word histogram 1s mput into the
image classifier generated through the above operations. The
classification of the image 1s determined based on the output
result of the image classifier. IT the image classifier after
training 1s a three-type classifier, the output result includes A,
B, or C. For instance, A may represent a vehicle type, B may
represent a tree type, and C may represent a people type. If the
output result 1s A, the image belongs to the vehicle-type
1mages.

There may be a large volume of 1images for classification.
The classification process may be applied to each of the
images for classification according to the above operations to
implement the classification of the large volume of images for
classification.
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In this example embodiment of the present disclosure, each
classification image feature i1s quantified by multiple visual
words and similarity coellicients between each classification
image feature and the visual words after quantification are
determined. The visual word histogram 1s established based
on different similarity coellicients of each visual word. As
cach classification 1image feature may be used to quantily
multiple visual words such that one classification 1mage fea-
ture may be represented by multiple visual words, the accu-
racy of the classification image feature represented by the
visual words 1s improved. Thus, the established classification
visual word histogram may more accurately represent the
image for classification, thereby improving the accuracy of
image classification. In addition, as multiple visual words are
used to represent the classification 1image feature, the classi-
fication error arising from quantification error may be
reduced and the accuracy of image classification may be
improved.

FIG. 2 illustrates a tflowchart of another example method
for classiiying images in accordance with a second example
embodiment of the present disclosure.

At 202, one or more classification 1mage features of an
image for classification are extracted.

At 204, based on a similarity relationship between each
classification image feature and one or more visual words 1n
a pre-generated visual dictionary, each classification image
feature 1s quantified by multiple visual words 1n the visual
dictionary and a similarity coelficient between each classifi-
cation image feature and each of the visual words after quan-
tification 1s determined.

At 206, the image for classification 1s divided into multiple
chuld images based on a pyramid image algorithm. In order
that the visual word histogram may represent space informa-
tion of the image for classification, 1n this example embodi-
ment, the image for classification 1s divided by spaces. The
image for classification 1s divided into multi-layer space sub-
regions. Each layer space sub-region 1s a space image. Each
layer space image 1s further divided into multiple child
1mages.

In this example embodiment, the image for classification 1s
divided by the pyramid image algorithm. For example, an
M-layer pyramid image algorithm may be used to divide an
original image into M layer space images. Each space image
may be divided into child images by 4, where N=0, 1,
2, ..., M-1. The first layer space image is divided by 4° to
form one child layer image. The second layer space image 1s
divided by 4" to form 4 child images. The third layer space
image is divided into 16 child images. The M? layer space
image is divided into 4*" child images. The value of M and
N may be determined in accordance with actual situations.

After the image for classification 1s divided into multi-layer
space 1mages, each layer space image includes extracted clas-
sification 1mage features. After the child images are divided,
the classification image features are also divided accordingly.
For example, the extracted classification image features may
include X1, X2, X3, X4, and X5. The first layer space image
includes one child image that includes the 5 classification
image features. The second layer space image includes 4
child images. For instance, the features X1 and X2 may locate
in a {irst child image of the second layer space image. The
features X3, X4, and X3S may locate 1n a second child image
of the second layer space image. The third and the fourth child
image may not include the classification image features. The
third layer space image 1s divided into 16 chuld images. Each
classification 1mage feature may locate 1n different child
images of the third layer space image.
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At 208, the classification 1image features included in each
child image are determined. The similarity coetlicients of a
respective visual word that corresponds to the classification
image features included in each child image are added up to
calculate a weight of the visual word corresponding to each
child image and a child classification visual word histogram
of each child image 1s established.

As shownin 206, after the 1image division, the classification
image features included 1n different child images at different
layers are different. The extracted classification 1image fea-
tures included 1n each child image are firstly determined.
Then the child classification visual word histogram of each
child image 1s established. The child weights of the visual
words corresponding to each child image are calculated. The
child weights of the visual words are used as data of the visual
word histogram to establish the child classification visual
word histogram.

At 210, each of the child classification visual word histo-
grams 15 combined to form a classification visual word his-
togram of the image for classification. As the child classifi-
cation visual word histogram includes data values from
multiple data and 1s represented by a vector, the combination
of each of the child classification visual word histograms 1s to
combine data of each child classification visual word histo-
gram to form a high-dimensional vector.

An example operation process to establish the classifica-
tion visual word histogram 1s as follows.

For example, 3 classification image features represented by
X1, X2, and X3 are extracted from the image for classifica-
tion. The visual dictionary includes 4 visual words repre-
sented by bl, b2, b3, and b4. After operations at 204, a first
similarity coefficient between the features X1, X2, X3 and the
visual words b1, b2, b3, b4 respectively 1s calculated. For
instance, a combination of the first similanty coelificients
corresponding to X1 is {0.6,0,0.3,0.1}, a combination of the
first similarity coefficients corresponding to X2 is {0.2, 0.4,
0.3,0.1}, and a combination of the first similarity coefficients
corresponding to X3 is {0, 0, 0.3, 0.7}.

Assuming that a 2-layer pyramid image algorithm 1s used
to divide the image and the second layer space image 1s
divided to include 4 child images. With respect to the first
layer space image, the established first child visual word
histogram is {0.8, 0.4, 0.9, 0.9}. With respect to the second
layer space 1image, assuming that the classification image
features X1 and X2 locate at a first child image divided in the
second layer space image and X3 locates at a second child
image divided in the second layer space image, the first child
visual word histogram of each child image is {0.8, 0.4, 0.6,
0.2}, 10,0,03,0.7},10,0,0,0}, 10,0, 0, O} respectively.

Each of the first child visual word histograms 1s repre-
sented by a 4-dimensional vector. After the combination of
cach of the first child visual word histograms, the finally
formed classification visual word histogram is {0.8, 0.4, 0.9,
0.9, 08,04, 0.6,02,0, 0,0.3,07,0,0,0, 0}, which is a
20-dimension vector.

It should be noted that the values 1n the above examples are
for the brevity of description and may not be the specific
values 1n actual applications. In a real application, the visual
dictionary may include a large volume of visual words. There
1s also a large volume of classification 1mage features
extracted from each image for classification. Each classifica-
tion 1image feature may generally be a high-dimensional vec-
tor. Due to the limitation of paragraphs, the examples 1n the
present disclosure are for the purpose of exemplary illustra-
tion only.

The division of layers of the image and the child image
increases the space information of the image features or the
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location relationships between different feature points. Each
child image may be represented by the child classification
visual word histogram. The finally formed classification
visual word histogram increases space information of the
image for classification. Thus, the classification visual word
histogram more accurately represents the image for classifi-
cation, thereby further improving the accuracy of image clas-
sification.

At 212, the classification visual word histogram 1s 1mput
into the image classifier that1s established through training by
sample visual word histograms arising from multiple sample
images. An output result 1s used to determine a classification
of the image for classification.

The pre-generated 1mage classifier 1s generated through
training based on sample visual word histograms established
based on a large volume of sample images. The 1image clas-
sifier 1s generated based on a machine-learning algorithm
based on each sample visual word histogram.

The following 1s an example generation process of the
image classifier.

At a first step, based on a similarity relationship between
cach sample 1image feature and visual words 1n a pre-gener-
ated visual dictionary, each sample 1mage feature 1s quanti-
fied by multiple visual words 1n the visual dictionary and a
similarity coefficient between each sample image feature and
cach of the visual words after quantification 1s determined.

At a second step, the following operations are performed
with respect to each sample 1image.

With respect to each sample image, the sample 1image 1s
divided into multiple child sample 1images according to a
pyramid image algorithm. Sample image features included in
cach child sample image are determined. Based on the sample
similarity coellicient of each visual word corresponding to
different sample image features 1n each sample child image, a
weilght of child sample corresponding to each child sample
image 1s determined and the child sample visual word histo-
gram 1s established.

Each of the child sample visual word histograms 1s com-
bined to form the sample visual word histogram.

At a third step, based on each sample visual word histo-
gram, through machine learning, the image classifier 1s gen-
erated through training.

In this example embodiment, the image for classification 1s
divided 1nto multiple child images in accordance with the
pyramid image algorithm and then the child visual word
histograms of the child images are established. The child
visual word histograms are combined to form the classifica-
tion visual word histogram. As each classification image fea-
ture may be classified by multiple visual words and the divi-
sion of the child images also increases space information of
the image feature, the finally established classification visual
word histogram more accurately represents the image for
classification, thereby improving the accuracy of image clas-
sification.

FIG. 3 illustrates a flowchart of another example method
for classiiying image in accordance with a third example
embodiment of the present disclosure.

At 302, one or more classification 1image features of the
image for classification are extracted.

At 304, based on a similarnity relationship between each
classification image feature and the one or more visual words
in the pre-generated visual dictionary, through a sparse cod-
ing method, a sparse coding model between the classification
image feature and the pre-generated visual dictionary 1s con-
structed. The sparse coding method 1s a multi-dimensional
data description method that describes data based on a work-
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ing principle that simulates human cerebral cortical visual
neurons. Thus, 1ts data description method 1s more accurate.

The similanty relationship between the classification
image features and the visual words 1n the visual dictionary
may be expressed as X ~B*C.. To more accurately calculate
the value of C,, this example embodiment, based on the sparse
coding method, firstly forms the sparse coding model such as:

arg " K= BC I+ MG

Where B represents the visual dictionary that 1s a space
dataset composed of multiple visual words, X, represents a
respective classification image feature that 1s represented in a
form of vector, C, represents a dataset formed by coellicients
between the respective classification image feature and each
visual word and 1s represented 1n a form of vector, N repre-
sents a number of classification image features, 1=1, 2, .. ., N,
where N may be any integer, and A represents a constraining,
coellicient. In an example application, 1ts value may be 500.
|C ||.» represents a sum of all elements in C..

The meaning represented by the sparse coding model 1s to
calculate the value of C, when the sparse coding model has a
mimmum value.

At 306, through resolving the sparse coding model, each
classification 1image feature i1s quantified by multiple visual
words 1n the visual dictionary and the similarity coetficient
between each classification 1mage feature and the visual
words after the quantification 1s obtained.

A mathematical optimum method may be used to resolve
the sparse coding model, such as a least square method. In an
example of the least square method, the spare coding model 1s
equivalent to M=2_ ™|[X.-BC |[+\||C /|

The least square method may be used to obtain the value of
C, when M has a mimimum value. The data in C, are the
similarity coelficients between the classification 1image fea-
ture X, and each visual word 1n the visual dictionary.

For example, assuming that the wvisual dictionary B
includes 4 visual words b1, b2, b3, and b4, for the classifica-
tion image feature X,, the resolved C, is {0, 0, 0.4, 0.6},
which represents that the classification 1mage feature may be
quantified as the visual words b3 and b4. The similarity coet-
ficients with the visual words b3 and b4 are 0.4 and 0.6
respectively. The similanty coetficients with the other visual
words that are not used for quantification, 1.e., b1 and b2, are
0.

Through the sparse coding model, the similarity coetficient
between each classification 1image feature and each visual
word 1s determined. Each classification image feature 1s rep-
resented by a linear combination of multiple visual words.
The sparse coding model 1s used to implement representation
of each classification image feature through quantification of
multiple visual words and to resolve the similarity coelficient,
thereby more accurately representing the classification image
feature.

At 308, the image for classification 1s divided into multiple
child images according to the pyramid image algorithm.

At 310, the classification 1image features included in each
child image are determined. The similarity coetlicients of
cach visual word corresponding to different classification
image features imncluded in each child image are added up to
calculate a weight of the visual word corresponding to each
chuld image. The child visual word histogram of each child
image 1s then established.

At 312, each child visual word histogram 1s combined to
torm the classification visual word histogram.

At 314, the classification visual word histogram 1s 1nput
into the image classifier that is established through training by
sample visual word histograms arising from multiple sample
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images. An output result 1s used to determine a classification
of the 1image for classification.

In this example embodiment, the pre-generated image clas-
sifier 1s generated through training based on sample visual
word histograms established based on a large volume of
sample 1images. The image classifier 1s generated based on a
machine-learning algorithm based on each sample visual
word histogram.

The following 1s an example generation process of the
image classifier.

At a first step, based on a similarity relationship between
cach sample image feature and the one or more visual words
in the pre-generated visual dictionary, through a sparse cod-
ing method, a sparse coding model between each sample
image feature and the pre-generated visual dictionary 1is
established.

At a second step, through resolving the sparse coding
model, each sample 1image feature 1s quantified by multiple
visual words in the visual dictionary and the sample similarity
coellicient between each sample 1mage feature and the visual
words after quantification 1s obtained.

At a third step, the following operations are performed with
respect to each sample image.

With respect to each sample image, the sample 1image 1s
divided into multiple child sample 1images according to a
pyramid image algorithm. Sample image features included in
cach child sample 1image are determined. Based on the sample
similarity coeflicient of each visual word corresponding to
different sample image features 1n each sample child image, a
weilght of child sample corresponding to each child sample
image 1s determined and the child sample visual word histo-
gram 1s established.

Each of the child sample visual word histograms 1s com-
bined to form the sample visual word histogram.

At a fourth step, based on each sample visual word histo-
gram, through machine learning, the image classifier 1s gen-
erated through training.

This example embodiment, through the sparse coding
model, quantifies each classification 1mage feature by mul-
tiple visual words and resolves the similarity coetficients with
the visual words after quantification, thereby improving the
calculation accuracy of the similarity coeflicient to accurately
reflect the similarity relationship between the visual words
and the image feature. In addition, the image for classification
1s divided according to the pyramid image algorithm, thereby
increasing the space imnformation of the features. Thus, the
finally established classification visual word histogram more
accurately represents the image for classification, thereby
improving the accuracy of image classification.

FIG. 4 illustrates a tlowchart of another example method
for classitying images in accordance with a fourth example
embodiment of the present disclosure.

At 402, one or more classification 1image features of the
image for classification are extracted.

At 404, based on the similarity relationship between each
classification image feature and the visual words 1n the pre-
generated visual dictionary, a Euclidean distance between
cach classification 1image feature and each visual word 1s
calculated.

The similarnty coefficient between the classification image
teature and each visual word 1s determined by calculation of
the Euclidean distance between each classification image
teature and each visual word. Thus, according to the similar-
ity relationship formula of the classification 1image features
and the visual words, X ~B*C,., the Fuclidean distance
between X1 and each visual word 1n B 1s calculated to deter-
mine the value 1n C..
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The image feature 1s represented 1in the form of a vector. For
instance, SIFT feature 1s a 128-dimension vector. The visual

words are clustered through 1image features and are also rep-

resented by vectors with the same dimensions of the image
teatures. The Euclidean distance refers to a distance between
two points 1 a multi-dimension space. In this example
embodiment, the classification 1image feature and the visual
word are treated as two points in the vector space. The Euclid-
can distance represents a similarity degree between the clas-
sification 1image feature and the visual word. The smaller the
Euclidean distance, the more similarity there 1s between the
visual word and the classification image feature.

For example, assuming that both the image feature and the

visual word are 3-dimensional vectors, which are (1, 1, 3) and
0, 35) respectively, the FEuclidean distance

(2,
is \/(2-1)2+(0-1)2+(5-3)24/€

At 406, with respect to each classification 1image feature,
one or more visual words of which Euclidean distances are
within a preset times range of a smallest Euclidean distance
are determined as the visual words corresponding to the
respective classification image feature after quantification.

For example, the following operations may be performed
for each classification image feature.

The smallest Euclidean distance among the Euclidean dis-
tances calculated based on the classification 1mage feature 1s
determined. A visual word that corresponds to the smallest
Euclidean distance 1s treated as one visual word for quantifi-
cation of the classification 1image feature.

The other calculated Euclidean distances based on the clas-
sification i1mage feature are compared with the smallest
Euclidean distance to determine the visual words of which the
Euclidean distances are within a preset times range of the
smallest Fuclidean distance as the other visual words for
quantification of the classification image feature.

The preset times range may be set based on actual situa-
tions. For example, the visual dictionary may include 5 visual
words which are b1, b2, b3, b4, and b5. With respect to each
classification image feature, the Euclidean distance with each
of the visual words, 1.e., b1, b2, b3, b4, b5,15 6,4, 8, 2, and 10
respectively. The smallest Euclidean distance 1s 2. The differ-
encing times of the other Fuclidean distances compared with
the smallest Euclidean distance are 2, 1, 3, and 4 respectively.
I1 the preset times range 1s 1-4, the visual words b1, b2, b3,
and b4 of which the corresponding Euclidean distance 1s 6, 4,
8, and 2 respectively are determined as the visual words for
quantification of the classification image feature.

At 408, based on the Fuclidean distance between the
respective classification image feature and each of the visual
words after quantification, the similarity coetlicients between
the respective classification 1mage feature and the visual
words after the quantification are calculated.

The similarity coellicients between the classification
image features and the visual words 1n the visual dictionary
that are not used for quantification are 0. Thus, the calculation
of the similarity coellicients between the classification image
feature and the visual word used for quantification may be
sufficient.

The smaller the Euclidean distance 1s, the bigger the cor-
responding similarity coetlicient 1s. There are multiple meth-
ods to use the Euclidean distance to calculate the similarity
coellicient. Using the example at 406, the Euclidean distances
between the classification image feature and the visual words
for quantification are 6, 4, 8, and 2 respectively. The percent-
age relationship between the Euclidean distances 1s 0.3:0.2:
0.4:0.1. The smaller the Euclidean distance, the more similar
there 1s between the classification 1image feature and the
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visual word. It 1s determined that the similarity coefficient
between the classification image feature and the visual word
b1 15 0.3, the similarity coellicient between the classification
image feature and the visual word b2 1s 0.2, the similarity
coellicient between the classification 1image feature and the
visual word b3 1s 0.4, and the similarity coetlicient between
the classification image feature and the visual word b4 15 0.1.
Thus, the similanty coellicients of the classification 1image
teature corresponding to each visual word are 0.3, 0.2, 0.4,
0.1, and O respectively. O 1s the similarity coellicient between
the classification image feature and the visual word b5.

The smaller the Fuclidean distance 1s, the classification
image feature and the visual word corresponding to the
Euclidean distance 1s closer and, thus, the bigger the similar-
ity coetlicient 1s.

It should be noted that the specific values of the similar
coellicients calculated through different methods may be dii-
ferent. As they still reflect the similarity degree between the
visual word and the classification 1mage feature, the classifi-
cation accuracy 1s not atfected.

At 410, the image for classification 1s divided into multiple
child 1mages i accordance with the pyramid image algo-
rithm.

At 412, the classification 1mage features included 1n each
child image are determined. The similarity coefficients of
cach visual word corresponding to different classification
image features included m each child image are added up to
calculate a weight of the visual word corresponding to each
child image. The child visual word histogram of each child
image 1s then established.

At 414, each child visual word histogram 1s combined to
form the classification visual word histogram.

At 416, the classification visual word histogram 1s 1mput
into the 1mage classifier that is pre-generated through train-
ing. An output result 1s used to determine a classification of
the 1mage for classification.

In this example embodiment, the pre-generated image clas-
sifier 1s generated through training by sample visual word
histograms established based on a large volume of sample
images. The image classifier 1s generated by a machine-learn-
ing algorithm based on a large volume of sample visual word
histograms.

The following 1s an example generation process of the
image classifier.

At a first step, based on a similarity relationship between
cach sample image feature and the one or more visual words
in the pre-generated visual dictionary, the Euclidean distance
between each sample image feature and each visual word 1n
the visual dictionary 1s calculated.

At a second step, with respect to each sample 1mage fea-
ture, the visual word corresponding to the smallest Euclidean
distance and other visual words of which their Fuclidean
distances are within the preset times range of the smallest
Euclidean distance are determined.

At a thard step, based on the Fuclidean distance between
cach sample 1image feature and each visual word for quanti-
fication, the sample similarity coefficient between each
sample 1image feature and each visual word for quantification
1s calculated.

At a fourth step, the following operations are performed
with respect to each sample 1image.

With respect to each sample image, the sample 1image 1s
divided into multiple child sample 1images according to a
pyramid image algorithm. Sample image features included in
cach child sample image are determined. Based on the sample
similarity coetlicient of each visual word corresponding to
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different sample 1image features 1n each sample child image, a
weight of child sample corresponding to each child sample
image 1s determined and the child sample visual word histo-
gram 1s established.

Each of the child sample visual word histograms 1s com-
bined to form the sample visual word histogram.

At a fifth step, based on each sample visual word histo-
gram, through machine learning, the 1mage classifier 1s gen-
erated through training.

This example embodiment determines the similarity
degree between the classification image feature and the visual
word based on calculation of the Fuclidean distance, quanti-
fies the classification image feature into multiple visual words
based on the calculated Euclidean distance, and determines
the coeflicient. As the classification image feature 1s quanti-
fied by multiple visual words, the established classification
visual word histogram can more accurately represent the
image for classification, thereby improving the accuracy of
image classification. In addition, the image for classification
1s divided into multiple child images, thereby increasing the
space 1nformation of the features. Thus, the finally estab-
lished classification visual word histogram more accurately
represents the image for classification, thereby improving the
accuracy ol 1image classification.

The above example embodiments, for the purpose of brev-
ity, are described as a combination of a series of operations.
One of ordinary skill in the art, however, would understand
that the present disclosure 1s not limited by the sequence of
the described operations. In accordance with the present dis-
closure, some operations may accept other sequences or be
conducted in parallel. Further, one of ordinary skill 1in the art
shall understand that the embodiments described herein are
examples and their related operations and modules may be
not necessary for the present disclosure.

Corresponding to the method as described in the first
example embodiment, FIG. 5 illustrates a diagram of a {first
example apparatus for classilying images.

The apparatus may include software, hardware, or a com-
bination thereof. In an example configuration, the apparatus
500 1n FIG. 5 may include one or more processor(s) 302 and
memory 504. The memory 504 1s an example of computer
storage media.

Computer storage media includes volatile and non-vola-
tile, removable and non-removable media 1implemented in
any method or technology for storage of information such as
computer-executable instructions, data structures, program
modules, or other data. Examples of computer storage media
includes, but 1s not limited to, phase change memory
(PRAM), static random-access memory (SRAM), dynamic
random-access memory (DRAM), other types of random-
access memory (RAM), read-only memory (ROM), electri-
cally erasable programmable read-only memory (EEPROM),
flash memory or other memory technology, compact disk
read-only memory (CD-ROM), digital versatile disks (DVD)
or other optical storage, magnetic cassettes, magnetic tape,
magnetic disk storage or other magnetic storage devices, or
any other non-transmission medium that can be used to store
information for access by a computing device. As defined
herein, computer storage media does not include transitory
media such as modulated data signals and carrier waves.

The memory 504 may store therein program units or mod-
ules and program data. In the example of FIG. 5, the memory
504 may store therein a feature extraction module 506, a
quantification determination module 508, an establishment
module 510, and a classification module 512.

The feature extraction module 506 extracts one or more
classification 1image features of an image for classification.
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For example, the classification image features may be image
regional features such as scale-invaniant feature transform
(SIFT) features extracted by a SIFT algorithm. The SFIT
features have scale, rotation invariance, viewpoint change,
ailine change, and noises that also maintain certain extent of
stability.

The quantification determination module 508, based on a
similarity relationship between each classification image fea-
ture and each visual word 1n a pre-generated visual dictionary,
quantifies each classification image feature by multiple visual
words 1n the visual dictionary and determines a similarity
coellicient between each classification 1mage feature and
cach of the visual words after the quantification.

The visual dictionary may be generated 1n advance through
clustering of sample 1image features extracted from a large
volume of sample 1images.

As both the image features and the visual words may be
represented by vectors, each classification image feature may
have the following similar relationship with the visual words
in the visual dictionary, which may be expressed 1n a linear
formula such as Xi=B*Ci.

X1 represents a respective image feature, B represents the
visual dictionary, and C1 represents a dataset composed of
coellicients between each classification 1mage feature and
cach visual word.

The establishment module 510, based on the similarity
coellicient of each visual word that corresponds to different
classification 1mage features, determines a weight of each
visual word to establish a classification visual word histo-
gram.

For example, the establishment module 510 may add up all
of the similarity coellicients of different classification image
features corresponding to a respective visual word to calcu-
late a respective weight of each visual word corresponding to
the 1mage for classification and establish the classification
visual word histogram based on the weights.

In other words, the respective weight of each visual word 1s
combined to form a dataset 1n the form of vector to obtain the
classification visual word histogram.

The classification module 512 inputs the classification
visual word histogram into an 1mage classifier that 1s trained
by sample visual word histograms established based on mul-
tiple sample 1mages. An output result 1s used to determine a
classification of the 1mage for classification.

The image classifier 1s a machine model that automatically
determines classifications of 1mages aiter machine-learning.
For example, the image classifier may be a vector-support
machine model, a decision tree model, etc. The pre-generated
image classifier 1s based on multiple sample 1mages, uses a
machine-learning algorithm, and generates a corresponding
classification model to implement 1mage classification.

The pre-generated image classifier 1s generated 1n advance
through training based on sample visual word histograms
established based on a large volume of sample 1images. For
example, the operations to establish the sample visual word
histograms may be the same as the operations to establish the
visual word histogram of the image for classification to
implement the 1image classification.

The generation process of the image classifier as described
in this example embodiment may be referenced to the
description in the first method example embodiment, which 1s
not detailed herein for the purpose of brevity.

In this example embodiment of the present disclosure, each
classification 1mage feature i1s quantified by multiple visual
words and similarity coellicients between each classification
image feature and the visual words after quantification are
determined. The visual word histogram 1s established based
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on different similarity coellicients of each visual word. As
cach classification image feature may be quantified by mul-
tiple visual words such that one classification 1image feature
may be represented by multiple visual words, the accuracy of
the classification image feature represented by the visual
words 1s improved. Thus, the established classification visual
word histogram may more accurately represent the image for
classification, thereby improving the accuracy of 1image clas-
sification. In addition, as multiple visual words are used to
represent the classification 1mage feature, the classification
error arising from quantification error may be reduced and the
accuracy ol 1image classification may be improved.

Corresponding to the method as described in the second
example embodiment, FIG. 6 1llustrates a diagram of a second
example apparatus for classilying images.

The apparatus may include soitware, hardware, or a com-
bination thereof. In an example configuration, the apparatus
600 1n FIG. 6 may include one or more processor(s) 602 and
memory 604. The memory 604 1s an example of computer
storage media.

The memory 604 may store therein program units or mod-
ules and program data. In the example of FIG. 6, the memory
604 may store therein a feature extraction module 606, a
quantification determination module 608, a division module
610, a first establishment module 612, a second establishment
module 614, and a classification module 616.

The feature extraction module 606 extracts one or more
classification image features of an 1image for classification.

The quantification determination module 608, based on a
similarity relationship between each classification image fea-
ture and each visual word 1n a pre-generated visual dictionary,
quantifies each classification image feature by multiple visual
words 1n the visual dictionary and determines a similarity
coellicient between each classification image feature and
cach of the visual words after the quantification.

The division module 610 divides the image for classifica-
tion mto multiple child images according to a pyramid image
algorithm. In order that the visual word histogram may rep-
resent space information of the image for classification, in
this example embodiment, the 1image for classification 1s
divided by spaces. The image for classification 1s divided into
multi-layer space sub-regions. Each layer space sub-region 1s
a space 1mage. For each space image, the division for child
image 1s performed to obtain multiple child images.

For example, the division module 610 may include an
image layer division module and a child image division mod-
ule. The image layer division module divides the image for
classification 1nto multiple layers image according to the
pyramid image algorithm. The child image division module
divides child images for each layer image to form multiple
child images.

The first establishment module 612 determines the classi-
fication image features included 1n each chuld image, adds up
the similarity coellicients of a respective visual word that
corresponds to the classification 1mage features included 1n
cach child, calculates a respective weight of each visual word
corresponding to each child image that includes different
classification image features, and establishes a child classifi-
cation visual word histogram of each child image.

After the image division, the classification image features
included 1n different child images at different layers are dii-
terent. The extracted classification image features included 1n
cach child image are firstly determined. Then the child clas-
sification visual word histogram of each child image 1s estab-
lished. For example, the establishing process of the child
classification visual word histogram 1s the same as the estab-
lishing process to establish the classification visual word
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histogram. That 1s, the child weights of the visual words
corresponding to each child image are calculated and the
chuld classification visual word histogram i1s established
based on the child weights.

The second establishment module 614 combines each of
the child classification visual word histograms to form a
classification visual word histogram.

As the child classification visual word histogram includes
data values from multiple data and 1s represented by vector,
the combination of each of the child classification visual word
histograms 1s to combine data of each child classification
visual word histogram to form a high-dimensional vector.

The division of layers of the image and the child image
increases the space information of the image features or the
location relationships between different feature points. Each
child image may be represented by the child classification
visual word histogram. The finally formed classification
visual word histogram increases space information of the
image for classification. Thus, the classification visual word
histogram more accurately represents the image for classifi-
cation, thereby further improving the accuracy of image clas-
sification.

The classification module 616 inputs the classification
visual word histogram into an 1mage classifier that 1s traimned
by sample visual word histograms established based on mul-
tiple sample 1mages. An output result 1s used to determine a
classification of the 1mage for classification.

The pre-generated 1mage classifier 1s generated in advance
through training based on sample visual word histograms
established based on a large volume of sample 1images. The
image classifier 1s generated based on a machine-learning
algorithm based on each sample visual word histogram. The
detailed generation process may be referenced to the second
example embodiments, and 1s not detailed herein.

In this example embodiment, the image for classification 1s
divided 1nto multiple child images in accordance with the
pyramid image algorithm and then the child visual word
histograms of the child images are established. The child
visual word histograms are combined to form the classifica-
tion visual word histogram. As each classification image fea-
ture may be classified by multiple visual words and the divi-
sion of the child images also 1ncreases space information of
the 1mage feature, the finally established classification visual
word histogram more accurately represents the image for
classification, thereby improving the accuracy of 1image clas-
sification.

Corresponding to the method as described in the third
example embodiment, FIG. 7 1llustrates a diagram of a third
example apparatus for classilying images.

The apparatus may include software, hardware, or a com-
bination thereof. In an example configuration, the apparatus
700 1n FIG. 7 may include one or more processor(s) 702 and
memory 704. The memory 704 1s an example of computer
storage media.

The memory 704 may store therein program units or mod-
ules and program data. In the example of FIG. 7, the memory
704 may store therein a feature extraction module 706, a
model construction module 708, a quantification calculation
module 710, a division module 712, a first establishment
module 714, a second establishment module 716, and a clas-
sification module 718.

The feature extraction module 706 extracts one or more
classification 1image features of an 1mage for classification.

The model construction module 708, based on a similarity
relationship between each classification 1mage feature and
the one or more visual words in the pre-generated visual
dictionary, through a sparse coding method, constructs a
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sparse coding model between the classification image feature
and the pre-generated visual dictionary.
For example, the sparse coding model may be as follows

arg " E X =BC HMIC

Where B represents the visual dictionary, X, represents a
respective classification image feature that 1s represented 1n a
form of vector, C, represents a dataset formed by coelficients
between the respective classification image feature and each
visual word and 1s represented 1n a form of vector, N repre-
sents a number of classification image features, 1=1, 2, ..., N,
where N may be any integer, and A represents a constraining,
coellicient. The sparse coding model 1s to calculate the value
of C, when the sparse coding model has a minimum value.

The quantification calculation module 710, through resolv-
ing the sparse coding model, quantifies each classification
image feature by multiple visual words 1n the visual dictio-
nary and obtains the similarity coefficient between each clas-
sification 1image feature and the visual words after the quan-
tification.

A mathematical optimum method may be used to resolve
the sparse coding model, such as a least square method that
calculates the value of C, when the sum of square of devia-
tions of X, and BC, has a minimum value.

The division module 712 divides the 1mage for classifica-

tion mto multiple child images according to a pyramid image
algorithm.

For example, the division module 712 may include an
image layer division module and a child image division mod-
ule. The image layer division module divides the image for
classification 1nto multiple layers image according to the
pyramid image algorithm. The child image division module
divides child images for each layer image to form multiple
child images.

The first establishment module 714 determines the classi-
fication image features included 1n each chuld image, adds up
the similarity coelfficients of a respective visual word that
corresponds to the classification 1mage features included 1n
cach child, calculates a respective weight of each visual word
corresponding to each child image that includes different
classification image features, and establishes a child classifi-
cation visual word histogram of each child image.

The second establishment module 716 combines each of
the child classification visual word histograms to form a
classification visual word histogram.

The classification module 718 inputs the classification
visual word histogram into an 1image classifier that 1s gener-
ated 1n advance by training. An output result 1s used to deter-
mine a classification of the image for classification.

This example embodiment, through the sparse coding
model, quantifies each classification image feature by mul-
tiple visual words and resolves the similarity coelficients with
the visual words after quantification, thereby improving the
calculation accuracy of data expression. In addition, the
image for classification 1s divided according to the pyramid
image algorithm, thereby increasing the space information of
the features. Thus, the finally established classification visual
word histogram more accurately represents the image for
classification, thereby improving the accuracy of 1image clas-
sification.

Corresponding to the method as described in the fourth
example embodiment, FIG. 8 1llustrates a diagram of a fourth
example apparatus for classilying images.

The apparatus may include software, hardware, or a com-
bination thereof. In an example configuration, the apparatus
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800 1n FIG. 8 may include one or more processor(s) 802 and
memory 804. The memory 804 1s an example of computer
storage media.

The memory 804 may store therein program units or mod-
ules and program data. In the example of FIG. 8, the memory
804 may store therein a feature extraction module 806, a first
calculation module 808, a quantification module 810, a sec-
ond calculation module 812, a division module 814, a first
establishment module 816, a second establishment module
818, and a classification module 820.

The feature extraction module 806 extracts one or more
classification 1image features of an 1mage for classification.

The first calculation module 808, based on the similarity
relationship between each classification image feature and
the visual words 1n the pre-generated visual dictionary, cal-
culates a Euclidean distance between each classification
image feature and each visual word.

The image feature 1s represented 1n the form of vector. For
instance, SIFT feature 1s a 128-dimension vector. The visual
words are clustered through 1image features and are also rep-
resented by vectors with same dimensions of the 1mage fea-
tures. The Euclidean distance refers to a distance between two
points 1n a multi-dimension space. In this example embodi-
ment, the classification image feature and the visual word are
treated as two points in the vector space. The Euclidean
distance represents a similarity degree between the classifi-
cation 1mage feature and the visual word.

The quantification module 810, with respect to each clas-
sification 1image feature, determines one or more visual words
of which Fuclidean distances are within a preset times range
ol a smallest Euclidean distance as the visual words corre-
sponding to the respective classification 1image feature after
the quantification.

The second calculation module 812, based on the Fuclid-
can distance between the respective classification 1image fea-
ture and each of the visual words after the quantification,
calculates the similarity coetlicients between the respective
classification 1mage feature and the visual words after the
quantification.

The smaller the Euclidean distance 1s, the larger its corre-
sponding similarity coetficient 1s.

The division module 814 divides the image for classifica-
tion 1nto multiple child images according to a pyramid image
algorithm.

For example, the division module 814 may include an
image layer division module and a child image division mod-
ule. The image layer division module divides the image for
classification into multiple layers image according to the
pyramid image algorithm. The child image division module
divides child images for each layer image to form multiple
child images.

The first establishment module 816 determines the classi-
fication 1image features included 1n each child image, adds up
the similarity coetlicients of a respective visual word that
corresponds to the classification 1mage features included 1n
cach child, calculates a respective weight of each visual word
corresponding to each child image that includes different
classification image features, and establishes a child classifi-
cation visual word histogram of each child image.

The second establishment module 818 combines each of
the child classification visual word histograms to form a
classification visual word histogram.

The classification module 820 inputs the classification
visual word histogram into an 1mage classifier that 1s traimned
by sample visual word histograms established based on mul-
tiple sample 1images. An output result 1s used to determine a
classification of the image for classification.
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This example embodiment determines the similarity
degree between the classification image feature and the visual
word based on calculation of the Fuclidean distance, quanti-
fies the classification image feature into multiple visual words
based on the calculated Euclidean distance, and determines
the coellicient. As the classification image feature 1s quanti-
fied by multiple visual words, the established classification
visual word histogram can more accurately represent the
image for classification, thereby improving the accuracy of
image classification. In addition, the image for classification
1s divided into multiple child images, thereby increasing the
space information of the features. Thus, the finally estab-
lished classification visual word histogram more accurately
represents the image for classification, thereby improving the
accuracy of image classification.

The various exemplary embodiments are progressively
described 1n the present disclosure. The same or stmilar por-
tions of the example embodiments can be mutually refer-
enced. Each example embodiment has a different focus than
other example embodiments. In particular, the example appa-
ratus embodiments have been described 1n a relatively simple
manner because of 1ts fundamental correspondence with the
example methods. Details thereof can be referred to related
portions of the exemplary methods.

It 1s noted that any relational terms such as “first” and
“second” 1n this document are only meant to distinguish one
entity from another entity or one operation from another
operation, but not necessarily request or imply existence of
any real-world relationship or ordering between these entities
or operations. Moreover, 1t 1s intended that terms such as
“include”, “have” or any other variants mean non-exclusively
“comprising”’. Therefore, processes, methods, articles or
devices which mdividually include a collection of features
may not only be including those features, but may also
include other features that are not listed, or any inherent
teatures of these processes, methods, articles or devices.
Without any further limitation, a feature defined within the
phrase “include a . . . 7 does not exclude the possibility that
process, method, article or device that recites the feature may
have other equivalent features.

For the purpose of 1llustration, the above apparatuses are
described 1n different modules according to the functional-
ities. Certainly, the present techniques may implement the
functionalities of multiple modules in one or more hardware,
software, or in combination of both

From the descriptions of the example embodiments, one of
ordinary skill in the art may understand that the present tech-
niques may be implemented through software and necessary
general platforms. The present techmques may be embodied
in the form of software products. For example, the present
disclosure can be 1n a form of one or more computer programs
containing the computer-executable or processor-executable
instructions that can be implemented 1n the computer storage
medium (1including but not limited to disks, CD-ROM, optical
disks, etc.). These computer program instructions can also be
loaded 1n a computer or other programmable data processors,
so that the computer or other programmable data processors
can pertorm the methods described 1n the example embodi-
ments.

The present disclosure 1s described by referring to the flow
charts and/or block diagrams of the method, device (system)

and computer program ol the embodiments of the present
disclosure. It should be understood that each flow and/or
block and the combination of the tlow and/or block of the
flowchart and/or block diagram can be implemented by com-
puter program instructions. These computer program nstruc-
tions can be provided to the general computers, specific com-
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puters, embedded processor or other programmable data
processors to generate a machine, so that a device of imple-
menting one or more flows of the flow chart and/or one or
more blocks of the block diagram can be generated through
the mstructions operated by a computer or other program-
mable data processors.

The present disclosure describes example methods and
apparatuses for classifying images. The example embodi-
ments are merely for illustrating the present disclosure and
are not intended to limit the scope of the present disclosure. It
should be understood for persons in the technical field that
certain modifications and improvements can be made and
should be considered under the protection of the present
disclosure without departing from the principles of the
present disclosure.

What 1s claimed 1s:

1. A method performed by one or more processors config-
ured with computer-executable instructions, the method com-
prising:

extracting one or more classification image features from

an 1mage for classification;
quantifying, based on a similarity relationship between
cach classification image feature and each visual word in
a pre-generated visual dictionary, each classification
image feature by multiple visual words in the visual
dictionary and determining a similarity coetficient
between each classification image feature and each
visual word after the quantifying;
determining, based on one or more similarity coellicients
of each visual word corresponding to different classifi-
cation 1mage features, a weight of each visual word to
establish a classification visual word histogram;

inputting the classification visual word histogram into an
image classifier; and

using an output of the mputting to determine a classifica-

tion of the 1mage for classification,

wherein the quantitying each classification image feature

by multiple visual words 1n the visual dictionary and
determining the similarity coellicient between each
classification image feature and each visual word after
the quantitying includes:
calculating, based on the similarity relationship between
cach classification image feature and the visual words
in the pre-generated visual dictionary, a Euclidean
distance between each classification 1image feature
and each visual word,
determining a smallest Fuclidean distance among cal-
culated Euclidean distances,
determining, with respect to each classification image
feature, one or more visual words of which Euclidean
distances are within a preset times range of the small-
est Fuclidean distance as the visual words for quanti-
fication of the respective classification 1mage feature,
and
calculating, based on the Euclidean distance between
the respective classification image feature and each of
the visual words for quantification, the one or more
similarity coellicients between the respective classi-
fication image feature and the visual words, the one or
more similarity coelflicients being calculated respec-
tively as a percentage relationship of each of the one
or more visual words for quantification,
wherein the percentage relationship of a particular

visual word for quantification 1s calculated by divid-

ing the respective Euclidean distance of the particular
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visual word for quantification by a sum total of the
Euclidean distances of the one or more visual words
for quantification.

2. The method as recited in claim 1, wherein the image
classifier 1s generated through tramning by sample visual word
histograms from multiple sample 1mages.

3. The method as recited 1n claim 2, further comprising

comparing, aiter iputting the classification visual word

histogram 1nto an 1mage classifier, the inputted classifi-
cation visual word histogram to a pre-generated classi-
fication visual word histogram 1n the image classifier to
determine a classification of the image for classification.

4. The method as recited in claim 1, wherein the determin-
ing the weight of each visual word to establish the classifica-
tion visual word histogram comprises:

adding up the one or more coellicients of a respective

visual word that correspond to different classification
image features to calculate the weight of the respective

visual word; and

establishing the classification visual word histogram.

5. The method as recited in claim 1, wherein the determin-
ing the weight of each visual word to establish the classifica-
tion visual word histogram comprises:

dividing the image for classification into multiple layer

images based on a pyramid 1mage algorithm; and
dividing each layer image to form multiple child images.

6. The method as recited 1n claim 1, wherein the visual
dictionary 1s generated through clustering of multiple sample
image features extracted from multiple sample 1images.

7. The method as recited 1n claim 1, wherein the classifi-
cation visual word histogram increases space information of
the 1mage for classification.

8. A system comprising:

one or more processors; and

memory contaiming computer readable media storing one

or more modules including instructions, which when

executed by the processors, cause the modules to per-

form:

extracting one or more classification 1mage features
from an 1mage for classification,

quantifying, based on a similarity relationship between
cach classification 1mage feature and each visual
word 1n a pre-generated visual dictionary, each clas-
sification 1mage feature by multiple visual words in
the visual dictionary and determining a similarity
coelficient between each classification image feature
and each visual word after the quantifying,

determining, based on one or more similarity coelfi-
cients of each visual word corresponding to different
classification image features, a weight of each visual
word to establish a classification visual word histo-
gram, and

inputting the classification visual word histogram into
an 1mage classifier and using an output to determine a
classification of the image for classification,

wherein the quantifying includes:

calculating, based on the similarity relationship between
cach classification image feature and the visual words
in the pre-generated visual dictionary, a Euclidean
distance between each classification 1mage feature
and each visual word,

determining a smallest Euclidean distance among cal-
culated Euclidean distances and, with respect to each
classification image feature, determining one or more
visual words of which Euclidean distances are within
a preset times range of the smallest Euclidean dis-
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tance as the visual words for quantification of the

respective classification image feature, and
calculating, based on the Fuclidean distance between
the respective classification image feature and each of
the visual words for quantification, the one or more

similarity coellicients between the respective classi-
fication image feature and the visual words, the one or
more similarity coelficients being calculated respec-
tively as a percentage relationship of each of the one
or more visual words for quantification, and
wherein the percentage relationship of a particular visual
word for quantification 1s calculated by dividing the
respective Euclidean distance of the particular visual
word for quantification by a sum total of the Fuclidean
distances of the one or more visual words for quantifi-
cation.

9. The apparatus as recited 1n claim 8, wherein the 1mage
classifier 1s generated through training by sample visual word
histograms from multiple sample 1mages.

10. The apparatus as recited 1n claim 9, wherein the 1image
classifier compares the mputted classification visual word
histogram with a pre-generated classification visual word
histogram to determine a classification of the image for clas-
sification.

11. The apparatus as recited 1n claim 8, wherein the deter-
mining a weight of each visual word includes:

dividing the 1mage for classification into multiple child

images based on a pyramid 1mage algorithm,
determining classification 1image features of each child
image,

adding the coelficients of a respective visual word that

correspond to each classification 1image features in a
respective child image,

calculating the weight of the respective visual word corre-

sponding to the respective chuld image to establish a
child classification visual word histogram of the respec-
tive child image, and

combining each child classification visual word histogram

of each child image to establish the classification visual
word histogram.

12. The apparatus as recited in claim 8, wherein the clas-
sification visual word histogram increases space information
of the 1image for classification.

13. One or more computer storage media including proces-
sor-executable instructions that, when executed by one or
more processors, direct the one or more processors to perform
a method comprising:

extracting one or more classification image features from

an 1mage for classification;
quantifying, based on a similarity relationship between
cach classification image feature and each visual word in
a pre-generated visual dictionary, each classification
image feature by multiple visual words in the visual
dictionary and determining a similarity coetficient
between each classification image feature and each
visual word after the quantifying;
determining, based on one or more similarity coelfficients
of each visual word corresponding to different classifi-
cation 1mage features, a weight of each visual word to
establish a classification visual word histogram;

inputting the classification visual word histogram into an
image classifier that 1s generated through training by
sample visual word histograms from multiple sample
images; and

using an output of the mputting to determine a classifica-

tion of the 1mage for classification,
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wherein the quantifying each classification image feature fication image feature and the visual words, the one or
by multiple visual words in the visual dictionary and more similarity coeificients being calculated respec-
determining the similarity coetficient between each tively as a percentage relationship of each of the one
classification image feature and each visual word after or more visual words for quantification,
the quantifying mcludes: d wherein the percentage relationship of a particular
calculating, based on the similarity relationship between visual word for quantification is calculated by divid-

cach classification image feature and the visual words
in the pre-generated visual dictionary, a Euclidean
distance between each classification 1mage feature
and each visual word, 10
determining a smallest Euclidean distance among cal-
culated Euclidean distances,
determining, with respect to each classification 1mage
feature, one or more visual words of which Euclidean
distances are within a preset times range of the small- 15
est Euclidean distance as the visual words for quanti-
fication of the respective classification image feature,

ing the respective Euclidean distance of the particular
visual word for quantification by a sum total of the
Euclidean distances of the one or more visual words

for quantification.
14. The one or more computer storage media as recited in
claim 13, wherein the method further comprises
comparing, aiter inputting the classification visual word
histogram 1nto an 1mage classifier, the inputted classifi-
cation visual word histogram to a pre-generated classi-
fication visual word histogram 1n the 1image classifier to
determine a classification of the image for classification.

and . P
15. The one or more computer storage media as recited in

calculating, based on the Euclidean distance between . . . . ; .
the respective classification image feature and each of 20 claim 13, wherein the classification visual word histogram

the visual words for quantification, the one or more increases space information of the image for classification.

similarity coellicients between the respective classi- £k % k%
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